Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen Zwecken und zum Privatgebrauch gespeichert und kopiert werden.
Introduction
After decades of relative constancy, the gender wage gap in the U.S. has fallen steadily since the late 1970s. The decline in the gender wage gap during the 1980s was typically explained by increases in educational attainment among younger women and increases in labor market experience among older women (Wellington, 1993; O'Neill and Polachek, 1993; Blau and Kahn, 1997; Pissarides et al., 2005) . In contrast, researchers were often unable to attribute the slower wage convergence during the 1990s to factors that were observed in the data (O'Neill, 2003; Blau and Kahn, 2006) .
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While the economic literature has focused predominantly on the gender wage gap at the mean, several recent studies have examined wage disparities across the entire wage distribution (García et al., 2001; Albrecht et al., 2003; Blau and Kahn, 2006; Gupta et al., 2006; Arulampalam et al., 2007; Antonczyk et al., 2010) .
2 Interestingly, very little is known about the factors that are responsible for changes in the gender wage gap across the wage distribution although the factors that explain the gender wage gap are not necessarily responsible for changes in this gap and the factors that are relevant at the bottom of the wage distribution may be irrelevant at the top.
Empirical studies have typically employed decomposition methods to investigate the extent to which wage determinants affect the gender wage gap. Departing from the standard decomposition method of Blinder (1973) and Oaxaca (1973) , a number of decomposition methods for wage distributions have been proposed (such as Juhn et al., 1993; DiNardo et al., 1996; Gosling et al., 2000; Melly, 2005; Machado and Mata, 2005; Rothe, 2010a) . However, the decomposition results of distributional measures obtained by these methods are not comparable to those of the standard Blinder-Oaxaca decomposition of the mean wage differential. In fact, none of these methods produces consistent results when changes in the gender wage gap over time are being studied, while the results of a Blinder-Oaxaca decomposition of changes in the gender wage gap between two points in time are consistent with those of a decomposition of gender differences in wage growth over this period (given the use of a common reference vector as defined by Oaxaca and Ransom, 1994) .
This paper contributes to the economic literature by investigating changes in the gender wage gap across the entire distribution. We apply a newly-developed BlinderOaxaca type decomposition for unconditional quantile regression models (Firpo et al., 2007a (Firpo et al., ,b, 2009 ) to decompose wage differentials across the wage distribution. This method allows us to decompose the wage differential for any quantile in the same way means are decomposed using the standard Blinder-Oaxaca decomposition. The approach also permits a partition of the overall components of the decomposition equation into the contribution of individual characteristics or groups of characteristics. In our empirical analysis, we pay particular attention to the relevance of measures of individual productivity, such as education and labor market experience.
We utilize data from the 1994 and 2007 waves of the Panel Study of Income Dynamics (PSID), which is the only nationally representative data source in the U.S.
that contains information on actual labor market experience and other relevant work history information. Several studies have shown that the work history is a very important factor in explaining changes in the gender wage gap (O'Neill and Polachek, 1993; Blau and Kahn, 2006) .
To investigate the contribution of individual (groups of) characteristics, we decompose the gender wage gap in 1993 and 2006. Our approach is similar to that of Wellington (1993) who decomposes changes in the gender wage gap at the mean.
We further perform separate decompositions of changes in wage levels over the pe- Our findings indicate that the gender wage gap narrowed by more than 13 percent at the lowest decile and by less than 4 percent at the highest decile of the wage distribution between 1993 and 2006. On average, the gap decreased by about 7
percent. The results of the decomposition analysis indicate that the decline in the gender wage gap at the upper tail of the distribution may be attributed entirely to changes in educational attainment in favor of female workers. At the same time, a sizeable part of the decline at the lower tail of the distribution is due to work history changes. These findings point to substantial heterogeneity with regard to the decline in the gender wage gap across the distribution and the relevance of the factors that are responsible for this decline. Due to the relatively small part of changes in the gap at the bottom of the distribution that is explained by education, it seems likely that the educational success of women did contribute to a reduction in the gender wage gap at the lower end of the distribution since the 1970s. Our findings also suggest that this success could not trigger a strong decline at the top of the distribution until today.
The remainder of the paper is organized as follows. Section 2 includes a description of the data and provides a descriptive analysis of wage distributions and wage determinants. The empirical strategy is explained in Section 3. Section 4 discusses the empirical findings of the decomposition analysis. Section 5 concludes. 4 We restrict our sample to white male and female full-time employed workers who are either head or wife of their household. We define full-time employed workers as persons who are not self-employed and who reported to work at least 1,500 hours during the year. However, we also use an extended sample including persons who work less than 1,500 hours to address selection issues.
We further restrict the sample to individuals aged 25 to 62 years to avoid selection problems with young adults who are heads or wives of their own households and to exclude older persons who retire early. Moreover, members of the armed forces are removed from our sample.
The set of explanatory variables used in our analysis can be divided into four categories: 1) educational attainment, 2) work history, 3) union membership and 4) region of the country. We use indicator variables of the highest level of formal education as explanatory variables. Specifically, the PSID provides information about the following levels of formal education: 1) 8th grade and below, 2) 9th to 11th grade, 3 Following Blau and Kahn (2006), we will refer to the earnings dates (1993 and 2006) throughout the paper but consider explanatory variables that were measured at the survey date (1994 and 2007) .
4 The PSID Core sample is a combination of the Survey Research Center (SRC) sample and the Survey of Economic Opportunity (SEO) sample. Gouskova et al. (2008) provide a more detailed description of the PSID sample design and composition.
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3) 12th grade (high school), 4) 12 grades plus nonacademic training, 5) college but no degree, 6) college BA but no advanced degree, 7) college and advanced or professional degree. We further utilize the detailed information on work experience and tenure to generate a set of work history variables. Specifically, we consider quadratic functions of the number of years of work experience, the number of years worked full-time since age 18 and tenure with the current employer.
5 The number of years of full-time employment is included to account for the possibility that part-time employment has no significant effect on wage growth. In addition, we control for the total number of years with the current employer, which typically explains a sizeable part of the gender wage gap (see, e.g., Fortin, 2008) . We further include an indicator variable for union membership into our model to control for the possibility that variations in union membership have affected changes in the gender wage gap. Finally, regional division indicators were included to control for regional wage differentials and regional variations in wage dynamics.
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Since women may be disproportionately concentrated in relatively low-paying jobs, we follow Wellington (1993) and do not include occupation indicators in our model. Instead, our analysis focuses on the contribution of productivity differences to the wage differential. As a result, the part of the wage differential attributable to occupational segregation is interpreted as contributing to the "unexplained" part of the gap which may be due to omitted variables or discrimination. Real wages of male workers have even declined at the median and the bottom of the distribution. Over the same period, average real wages of female workers have increased by 8.7 percent. In contrast to the changes in wage distributions of male workers, wages of female workers have increased substantially across the entire distribution. These increases were particularly strong at the 30th and the 90th percentile of the female wage distribution.
Distributional Changes
As a result of these changes, the female-male wage ratio presented in the last two columns of Table 1 
Comparison of Explanatory Variables by Gender
The means and standard deviations of male and female workers in 1993 and 2006 are presented in Table 2 . The numbers provide evidence for a strong increase in the 7 Our wage patterns are in line with those of Blau and Kahn (2004) who show that their findings based on PSID data are consistent with Current Population Survey (CPS) data. Differences between wage patterns of Kahn (2004, 2006) and our study are due to both the choice of different survey years and different sample restrictions. In particular, when comparing different age restrictions, we find that we observe a much larger gap at the bottom of the wage distribution than Kahn (2004, 2006) because we restrict our sample to 25-62 rather than 18-65 year old workers. Since our empirical analysis focuses on temporal changes rather than levels, a detailed comparison of wage levels with similar studies is beyond the scope of the paper. In sum, these numbers provide evidence for considerable changes in characteristics that describe the productivity of male and female workers. Although most variables seem to have changed in favor of female workers, we do not know whether the observed decline in the gender wage gap (Table 1) may be attributed to changes in characteristics or whether changes in returns to the characteristics were respon-sible for the narrowing of the gender wage gap. The following sub-section presents the estimates of the returns to the characteristics. Table 3 includes the OLS estimates of a regression of log wages on the set of regressors discussed above. Specifically, our model includes indicator variables for the highest level of formal education (we use workers with a formal education of grade 8 or below as a reference group), quadratic functions of work history characteristics (i.e. the number of years of actual work experience, the number of years of full-time work experience and tenure) and an indicator variable for union membership. In addition, our model includes state fixed-effects. Tables A1-A4 of the Appendix include the corresponding estimates of the unconditional quantile regression model. Table 3 show highly significant effects of educational attainment on wages of both male and female workers. The returns to education differ somewhat between male and female workers and have slightly increased over time. Our findings further suggest that job tenure is an important wage determinant, while the actual labor market experience of both male and female workers seems to be less relevant.
Returns to Productivity Characteristics by Gender

The estimates in
While union membership increased the wage rate of male workers in 1993, the corresponding effect is not significant in 2006. In contrast, union membership effects are not significant at conventional levels for female workers in both years. Overall, these findings point to some heterogeneity in the effects of productivity characteristics on wages of male and female workers in both years.
Empirical Strategy
Decomposition of the Mean Wage Differential
Our empirical analysis departs from the standard Blinder-Oaxaca decomposition.
Specifically, we consider the wage differential between two groups d = (0, 1). We observe the (log) wage Y id and a set of characteristics X id for each worker i in group d and assume that the conditional expectation of
To isolate the part of the raw wage differential (R) between the two groups attributable to differences in observed characteristics or "endowments" from the part due to differences in coefficients, the decomposition proposed by Blinder (1973) and Oaxaca (1973) and generalized by Oaxaca and Ransom (1994) can be written as follows:
where the reference vector β * is given by the linear combination
The first term on the right-hand side of equation (2) is interpreted as the part of the raw gap that may be explained by different observed characteristics, while the two remaining terms are attributable to different coefficients between the two groups.
Decomposition of Wage Distributions
The Blinder-Oaxaca decomposition relies on an important property: Due to the law of iterated expectations, a linear model for the conditional expectation implies that
Parametric extensions of the Blinder-Oaxaca decomposition to entire wage distributions have typically employed conditional quantile regressions (Koenker and Basset, 1978) to decompose the wage gap at a given quantile of Y . However, the interpretation of these methods is complicated by the fact that conditional quantiles do not average up to their unconditional counter-parts. Against this background, Firpo et al. (2007b Firpo et al. ( , 2009 propose an unconditional quantile regression based on a recentered influence function (RIF). Specifically, they consider the influence function (IF) for a quantile q τ which is equal to 
is linear in X, the (predicted) wage differential at the τ th quantile, R(τ ), may be decomposed as follows:
where β 1 (τ ) and β 0 (τ ) are the parameters of the unconditional quantile regression model at the τ th quantile. Due to the linearity assumption, the proposed extension of the Blinder-Oaxaca decomposition based on unconditional quantile regression estimates is straightforward. 8 For that reason, we may limit our following discussion to the standard Blinder-Oaxaca decomposition of mean wage differentials.
Choice of the Counterfactual Parameter Vector
Considerable work in the literature has been on the particular choice of the weighting matrix Ω and the resulting reference vector. While the decomposition equations originally proposed by Blinder (1973) and Oaxaca (1973) were based on the assumption that differences in coefficients may be attributed exclusively to the disadvantage of the group with the lower outcome (i.e. β * = β 1 ) or the advantage of the group with the higher outcome (i.e. β * = β 0 ), economists have argued that an undervaluation of one group implies an overvaluation of the other. Reimers (1983) therefore proposes to calculate the reference vector by using the average coefficients over both groups, i.e. Ω R = 0.5I. Cotton (1988) chooses the weighting matrix Ω C = sI, where s denotes the sample share of the group with the higher outcome. Finally, Neumark (1988) proposes the estimation of a pooled model over both groups, i.e.
The strategy proposed by Neumark (1988) has become a widely adopted alternative to the decomposition equation originally proposed by Blinder (1973) and Oaxaca (1973) . However, recent studies have shown that this strategy systematically overstates the explained part of an overall gap because the estimated parameter vector β N suffers from omitted variable bias caused by the missing group-specific intercept (Fortin, 2008; Jann, 2008; Elder et al., 2010) . 9 They propose to estimate the reference vector through a pooled linear regression model of the form
In the following, we will employ an extension of this strategy that allows us to decompose changes in wage differentials over time.
Estimation of Changes in Wage Differentials
In our empirical analysis, we decompose wages of male and female workers in 1993
and 2006, i.e. we consider four sub-samples rather than two. Specifically, we define A natural choice of the reference vector for this extension is the coefficient vector β X of the following pooled regression model:
where N is the total number of observations of the pooled model including the four sub-samples (i.e. male and female workers in 1993 and 2006). We may estimate the parameter vector β * by β X to decompose the gender wage gap at two points in time. Specifically, we may decompose the wage differential between male (m) and female (f ) workers at time t = (1993, 2006) as follows:
where
we may decompose the wage growth between 1993 and 2006 within one of the two groups g = (m, f ):
with
Given equations (7) and (8), we can derive the following decomposition of changes in the gender wage gap over time, which is equivalent to a decomposition of gender differences in wage growth, i.e.
Detailed Decomposition and Grouping
To understand the source of the gender wage gap, we decompose the wage differential into components describing the contribution of individual characteristics or groups of characteristics. Such a detailed decomposition of the wage differential requires the consideration of several methodological issues. First, it is well known that the arbitrary scaling of continuous variables may affect the components of the gap attributable to different coefficients (Jones, 1983; Jones and Kelley, 1984; Cain, 1986) . For that reason, we consider the part of the gap due to different coefficients as unexplained without performing a detailed decomposition of this component. Third, the detailed decomposition for categorical regressors depends on the choice of the reference category that is omitted from the regression model due to collinearity (Oaxaca and Ransom, 1999; Horrace and Oaxaca, 2001; Gardeazabal and Ugidos, 2004; Yun, 2005) . Gardeazabal and Ugidos (2004) and Yun (2005) propose normal-izations of the coefficients of categorical variables to avoid having omitted reference groups. However, these normalizations may complicate the interpretation of the decomposition results, which still depend on the choice of reference groups (Gelbach, 2002; Fortin et al., 2010) . In our empirical analysis, we consider the lowest level of education (8th grade or below), the group of non-union workers and the region Pacific (Alaska, Washington, Oregon, California, Hawaii) as reference groups. Due to the grouping of variables, the choice of alternative reference groups does not affect our results qualitatively.
Correction for Selection Bias
As described above, we may extend the results derived for the conventional BlinderOaxaca decomposition to any quantile by performing a Blinder-Oaxaca type decomposition of unconditional quantile regression estimates. In addition, we will also employ an extension of the standard decomposition to Heckman selection models (see Neuman and Oaxaca, 2004) (7), (8) and (9), the decomposition of the Heckman selection model is limited to equations (7) and (8). Table 4 show an average wage gap of 0.352 log points (42.2 percent). Tables A5 and A6 of the appendix, which indicate that selection into full-time employment is relevant but does not seem to affect the coefficients of the wage equation by a large amount. In fact, the test statistics of an adjusted Wald test reveal that the differences between the coefficients presented in Table 3 and Table A5 are not statistically significant. 12 The tests were performed using seemingly unrelated regression estimates. The test results are available from the authors upon request.
13 As discussed earlier, our restriction to the sample of 25-62 rather than 18-65 year old workers appears to be the main reason why we observe a much larger gap at the The decomposition results in Table 4 indicate that we may attribute a sizeable part of the wage differential between male and female workers to a different work history. Specifically, the part of the average wage gap attributable to different work history characteristics (such as work experience and tenure) is 9.7 percent in 1993 and 8.1 percent in 2006. In contrast, only 0.6 percent of the gap may be attributed to educational disparities in 1993. The part of the gap due to education is even negative in 2006, reflecting that -given the higher levels of education among female workers (see Table 2 ) -we would actually expect a wage advantage for female workers. Table 5 includes the estimates of the OLS and unconditional quantile regression bottom of the wage distribution than Kahn (2004, 2006) . decomposition of changes in wage rates of female and male workers between 1993 and 2006. The numbers suggest that real wages of female workers have increased by 0.071 log points (7.4 percent) at the bottom and by 0.155 log points (16.8 percent) at the top of the distribution. On average, wages of female workers have increased by 0.088 log points (9.2 percent). A large part (41.3 percent) of the wage growth of female workers was due to increases in educational attainment, while changes in work history characteristics worked against that wage growth. The numbers of the unconditional quantile regression decompositions reveal that the contribution of these factors varies considerably across the distribution. While changes in educational attainment explain between 37.4 percent at the 0.9-quantile and 70.6 percent at the median, the contribution of changes in work history characteristics varies from −37.3 percent at the 0.1-quantile to 0.4 percent at the 0.9-quantile. As a result of these variations, less than half of the wage growth of female workers remains unexplained at the median of the distribution, while almost 80 percent of the wage growth remains unexplained at the lower tail of the distribution.
Real wages of male workers increased at the top of the distribution but did not change or even declined moderately lower down the distribution. In contrast to female workers, average wages of male workers did not increase significantly between 1993 to 2006. When looking at the 0.9-quantile of male workers, where a significant wage growth may be observed, we find that a sizeable part of this growth is explained by increases in educational attainment and union membership. Finally, the decomposition of the selection model suggests that the inclusion of a selection bias correction term only affects the raw differential and the unexplained part of the decomposition equation, while the observed characteristics are mostly unaffected. Table 6 These results point to substantial heterogeneity with regard to the decline in the gender wage gap across the distribution and the relevance of the factors that are responsible for this decline. While the gender wage gap narrowed by more than 13 percent at the lowest decile, it declined by less than 4 percent at the highest decile.
Interestingly, changes in educational attainment did not contribute much to the strong decline in the gender wage gap at the lower tail of the distribution. Instead, variations in work history characteristics were more relevant for this decline. Finally, due to the absence of a number of relevant factors, a large part of the changes in the gender wage gap (up to 70 percent) remains unexplained.
Conclusions
Very little is known about the factors that are responsible for distributional changes in the gender wage gap although the factors that explain the gender wage gap do not necessarily affect changes over time and the factors that are responsible for the 21 decline in the gender wage gap may be different across the wage distribution. This paper investigates changes in the gender wage gap between white men and white women across the wage distribution using Panel Study of Income Dynamics (PSID) data. We take advantage of a newly-developed Blinder-Oaxaca type decomposition for unconditional quantile regression models (Firpo et al., 2007b (Firpo et al., , 2009 ) to decompose wage differentials across the entire distribution. We show that this approach allows a consistent decomposition of both changes in the gender wage gap and gender differentials in wage growth across the distribution.
We find that the gender wage gap narrowed by more than 13 percent at the lowest wage decile and by less 4 percent at the highest decile of the wage distribution between 1993 and 2006. The results of the decomposition analysis indicate that the decline in the gender wage gap at the upper tail of the distribution may be attributed entirely to changes in educational attainment in favor of female workers. At the same time, a sizeable part of the decline at the lower tail of the distribution is due to work history changes. On balance, these results point to substantial heterogeneity with regard to the decline in the gender wage gap across the distribution and the relevance of the factors that are responsible for this decline. Moreover, due to the relatively small part of changes in the gap at the bottom of the distribution that is explained by education, it seems likely that the educational success of women did contribute to a reduction in the gender wage gap at the lower end of the distribution since the 1970s. Our findings also suggest that this success could not trigger a strong decline at the top of the distribution until today. 
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